Rational More research has recently been focused on multigenerational toxicogenomics impacts. Such studies rely on behavioral as well as genetic and epigenetic analyses using various biotechniques. Of these technologies, quantitative reverse transcriptase PCR is considered as a mature discovery and validation tool. Nevertheless, the interpretation of the resulting gene expression necessitates the establishment of reliable internal controls for normalization. No study has been performed to identify reliable reference genes in multigenerational settings. Objectives The primary aim was to evaluate the stability of 16 reference gene candidates in Caenorhabditis elegans exposed to nicotine and their two subsequent generations for determining the most reliable reference genes for multigenerational study. Methods We exposed C. elegans to nicotine in the F0 generation and investigated the relative stabilities of 16 housekeeping genes in L4 larvae across three generations (F0, F1, and F2) using five statistical approaches (geNorm, ΔCt method, NormFinder, BestKeeper, and RefFinder). Results geNorm shows that CDC-42 and Y45F10D.4 were the most stable reference genes. Based on NormFinder, TBA-1, EIF3.C, ARP-6, CDC-42, and MDH2 may serve as the top reliable reference genes. Comparative ΔCt method ranked TBA-1, CDC-42, EIF3.C, ARP-6, and Y45F10D.4 as the most stable reference genes. BestKeeper shows that Y45F10D.4, F35G12.2, TBA-1, CDC-42, and CSQ-1were better reference genes. Overall, TBA-1, CDC-42, EIF3.C, ARP-6, and Y45F10D.4 were the most reliable reference genes for mutigenerational nicotine-exposed study. Conclusions Of the 16 tested gene candidates, TBA-1 and CDC-42 were the two most stable reference genes for performing reliable gene expression normalization in the multigenerational impact of nicotine exposure.
Introduction
Transcriptome studies have revolutionized molecular biology. Despite the increasing popularity of some advanced "discovery" technologies such as the next generation sequencing (NGS) (e.g., RNA-seq), those high-throughput, sensitive technologies are still in a juvenile stage. Major drawbacks are attributed to the absence of standardized data analysis approaches and inability to distinguish between signal and noise (Pertea 2012) . Inconsistencies in the data are further corrected and validated via more established technologies such as quantitative reverse transcriptase qRT-PCR that has been serving as a valuable mature tool for the validation of various transcriptome-related microarrays and NGS (Git et al. 2010) .
qRT-PCR is a mature biotechnique with both advantages and limitations. Efforts to correct for biases and variations caused by experimental errors and data handling have long been investigated and reported (Lefever et al. 2009 ). In qRT-PCR, such can be accounted for by many factors, including the total RNA quantity and integrity, enzymatic efficiencies, total transcriptional status of cells or organisms as a whole, enzymatic inefficiencies as well as pipetting errors (Ginzinger 2002) . To correct some of these false-positive results, genes of interest are normalized to reference genes that have almost constant expression levels in the tested environmental condition. The choice of a reference gene is not so trivial. It has been concluded that there is no "universally suitable reference gene." With this in mind, control genes should be selected based on the nature of the investigations and are expected to be resistant to the induced perturbation and modification (Hruz et al. 2011) .
A lot of studies have been done to investigate the mechanism of action of nicotine in different organisms (e.g., cell culture, rats, mice, Drosophila, zebrafish, Caenorhabditis elegans) (Matta et al. 2007) . Of the 4,000 chemicals in tobacco smoking, nicotine has received a lot of attention and research due to its addictive and toxic properties (CDC 1988 (CDC , 2010 . Unfortunately, addiction is a universally notorious disease that affects millions worldwide. Despite concentrated efforts to limit nicotine exposure, the rate of tobacco smoking remains high in many developing countries and particularly among youth and children (WHO 2012) . The obscurity of the molecular mechanisms of maladaptive neuroplasticity like addiction, especially on children, necessitates further in-depth research to understand the extent of physiological disruptions. Our ongoing study implies the extension of addictive behavioral and molecular biomarkers across generations. Such an association is expected to trigger further replications and more in-depth experiments involving protein coding as well as noncoding genes. For reasons described below, we employed C. elegans as our model organism to investigate the systemic mechanism of action of nicotine.
C. elegans is one of the major model organisms (Brenner 1974 ) which can be easily and economically maintained. Research on C. elegans is free of ethical concern and has contributed to advances in the biomedical fields. Up to 80 % of its genome is homologous to that of humans (Beitel et al. 1990) and is characterized by fewer genetic redundancies in coding and noncoding sequences (Kazazian 2004; Kirienko et al. 2010) . So far, extensive toxicogenomics research has been conducted on C. elegans in specific developmental stages and in response to different treatments (Karp et al. 2011; Lant and Storey 2010; Pincus et al. 2011; Viñuela et al. 2010) . However, correct interpretations and extrapolations on the genetic level necessitate reliable and sensitive control reference genes. With transgenerational nicotine addiction being the main focus of our research, the goal of this study was to identify reliable reference gene candidates for gene expression analysis at a multigenerational aspect.
In this study, we compiled a list of reference gene candidates from previous publications that included both proteincoding and RNA genes. We were interested in investigating the relative stabilities of the selected genes in response to nicotine exposure across three generations. In our experiment, wild-type L1 worms (N2) were distributed into three treatment groups: 0 μM (control), 20 μM, and 20 mM nicotine nematode growth media (NGM) plates. Worms were exposed to nicotine until early L4 stage (~30 h). Exposure was restricted to the F0 generation, but we continued sampling L4 worms in both F1 and F2 generations. Among the 16 selected genes, we aimed to determine the most reliable gene candidate(s) that can be used in nicotinerelated transgenerational molecular studies. To accomplish our objective, we used four of the most popular reference gene analysis software: geNorm, NormFinder, comparative ΔCt method, and BestKeeper. Taking all into consideration, the most stable gene(s) candidate was (were) determined by an overall comprehensive ranking approach (Xie et al. 2012) .
As a summary, recent evidences show that environmental exposure can cause multigenerational impacts on animal growth and development and even some diseases (Contreras et al. 2012; Tominaga et al. 2003; Yu et al. 2013) . On the other hand, several other reports have demonstrated that chemicals may induce transgenerational alterations in gene expressions (Ashe et al. 2012; Braunschweig et al. 2012; Manikkam et al. 2012 ). However, no study has been performed to examine the effect of any chemical on housekeeping genes, and thus, no reliable reference genes exist for mutigenerational investigations. In this study, we employed C. elegans as an animal model system to evaluate and identify the most reliable reference genes for future mutigenerational toxicogenomics approaches and gene expression analyses related to nicotine addiction.
Material and methods

Chemicals and C. elegans strains
Nicotine was purchased from Acros Organics (New Jersey, USA). Stocks of 1 and 0.001 M were prepared by diluting nicotine in phosphate buffer. From the two stock solutions, nicotine was then added into the NGM medium, after the addition of cholesterol, CaCl 2 , MgSO 4 , and KH 2 PO 4 , to give final concentrations of 20 μM and 20 mM, respectively.
C. elegans hermaphrodite N2 Bristol wild type was used. Worms were constantly transferred via chunking method to a new NGM plate freshly seeded with OP50.
Egg synchronization was done via bleaching (Sulston and Hodgkin 1988) . Briefly, M9 buffer was used to wash adult gravid worms off the plate into 15-ml falcon tubes. Then the falcon tube was centrifuged at 2,000 rpm for 2 min, respectively. After discarding the supernatant, the wash was repeated. Then, 5 ml of synchronization solution (70 % dH 2 O, 10 % NaOH, and 20 % bleach) was added. The tubes were vigorously shaken (or vortexed) for a maximum of 5 min until the adult worms burst, leaving the eggs dispersed in solution. The tubes were then spun at 2,000 rpm for 2 min. The supernatant was removed, and three to four 5-ml M9 washes followed, leaving the last wash without centrifugation. The tubes with the suspended eggs were placed on a shaker in the 20°C incubator for 14-18 h. After hatching, the L1 larvae were pooled and randomly transferred to the different treatment groups.
The three treatment groups included the control group, the 20-μM and 20-mM nicotine treatment groups. L1 larvae of the F0 generation were incubated at 20°C on seeded control and treatment plates for about 31 h until the end of L3 to the beginning of L4 stage. From each plate, worms were unequally harvested off the plates into two Eppendorf tubes. The one with the larger pellet was intermittently centrifuged two times at 2,000 rpm and then at 3,000 rpm to separate the worms from bacteria and debris. Consequentially, the pellet was flash frozen in liquid nitrogen and then stored at −80°C until molecular analysis. As for the Eppendorf with the smaller pellet, the L4 worms were then transferred into OP50-seeded NGM plates, left to dry, sealed, and then placed back in the 20°C incubator to grow until egg laying peaked (around second day of adulthood). Adults were then collected for synchronization to gather the eggs for the subsequent generations. The whole procedure was repeated until the L4 stage of the F2 generation was reached.
RNA extraction and qRT-PCR Total RNA extraction was performed according to the protocol using mirVana™ miRNA Isolation Kit (Ambion, Austin, TX). Briefly, the sample was denatured using a lysis buffer. RNA was then separated from DNA and other proteins via acid-phenol extraction. Then, ethanol was added to the sample followed by passing through a glass filter. Several washes preceded the elution of the RNA with a solution of low ionic strength.
RNA quantification and evaluation were done using the NanoDrop ND-1000 Micro-Volume UV/Vis Spectrophotometer (NanoDrop Technologies, Wilmington, DE) and were based on the concentration (nanogram per microliter) and absorbance ratios of 260/280 and 260/230.
Reverse transcription was performed using TaqMan microRNA Reverse Transcription kit from Applied Biosystems (Foster City, CA) to reverse-transcribe RNA to cDNA for both protein-coding genes and small RNAs. The poly-T was used for protein-coding genes, and specific primers were used for small RNAs. For each reaction, the final reaction volume was 15 μL and included 1,000 ng of total RNAs, 0.19 μL of RNase inhibitor (20 U/μL), 0.15 μL of 100 mM of dNTPs, 1.5 μL of reverse transcription buffer (10×), 2 μL of primer mix, and 1 μL of reverse transcriptase (50 U/μL). The samples were then run via thermal cycler using the following program: 16°C for 30 min followed by 42°C for 30 min, 85°C for 5 min, and finally held at 4°C. The samples were diluted in 80 μL DNase/RNase-free water for subsequent qRT-PCR.
The expression levels of selected genes were analyzed after performing qRT-PCR on 96-well plate using the 7300 RealTime PCR System (Applied Biosystem) using the SYBR Green PCR Master Mix from SuperArray Bioscience Corp.
(Frederick, MD). Specific reverse and forward primers were used for each tested gene (Table 1) . Briefly, each well carried a 20-μL reaction resulting from the combination of 7 μL DNase/RNase-free water, 10 μL SYBR Green Master Mix, 1 μL cDNA, and 2 μL primers. A minimum of three biological replicates with two technical replicates were run. The qRT-PCR program was started at 95°C for 10 min for enzyme activation followed by denaturation for 15 s at 95°C and an annealing/extension step for 60 s at 60°C. The latter two steps were repeated for 40 cycles.
Primer specificity and efficiency have been previously calculated. Moreover, descriptive statistics (i.e., mean, standard deviation (SD)) were calculated via SPSS for the raw Ct values of each gene candidate. Boxplot graphs were done via SPSS20 (Fig. 1 , Table 2 ).
Determination of gene stability
Five different statistical approaches (geNorm, ΔCt method, NormFinder, BestKeeper, and RefFinder) were employed to determine the stability of each tested reference gene candidate. Table 3 shows ranking based on BestKeeper.
The geNorm (Vandesompele et al. 2002) applet allows the determination of the most stable reference gene(s) based on pairwise comparisons between each gene with all other candidates. The variation in the expression level of each gene was calculated as the geometric mean of the SD relative to all other genes. Such a stability index is described as the "M-value." Ranking is achieved after sequential elimination of most variable gene, followed by recalculation of the M-value. Finally, genes with the lowest M-value will be ranked with the highest stability in comparison with the other tested genes. Conceptually, geNorm assumes that an ideal gene pair will have the least variation in expression in all samples regardless of experimental conditions. geNorm goes beyond that to estimate the minimal n (e.g., number of genes) needed to perform reliable normalization. This is based on pairwise variation (V n /V n+1 ) calculated for each gene pair normalization factors (NF n , NF n+1 ). Through this approach, the need for the inclusion of an additional reference gene would be reflected by a high variation (i.e., >0.15 established cutoff value) and vice versa.
To prepare the input for geNorm, relative quantification from raw Ct values among all samples was done for each gene. Briefly, the smallest Ct value was determined for each gene among all samples. Then, this value was subtracted from all the other Ct values related to this gene. Therefore, the minimal value was zero. Then, each value is transformed using the formula: 2^( Ctoriginical − Ctmin) . The resulting converted data were used as input for geNorm with the names of the genes and samples in the first row and column, respectively. Together, they were saved in the provided input directory. After loading the input file into geNorm, the analysis was run, and two charts were automatically generated as shown in Fig. 2 . The comparative delta Ct method (Silver et al. 2006 ) is a relatively similar approach that depends on pairwise comparisons between genes. This method can be easily done on an excel spreadsheet without the help of a designed program. In addition, its development facilitated gene expression normalization for experiments with nonideal sample sizes and purity. Simply, a set of comparisons is performed where each gene is compared against all other gene candidates. The ΔCt is calculated for every gene pair across all the samples in the treatment groups. For every gene pair, the mean ΔCt and SD are calculated. A high SD reflects that one or both genes are not stable. Then, an overall average SD is calculated for every gene being compared against all others (i.e., gene pair set). Including more genes into the comparison will allow for the selection of the one with the least variability. Thus, the gene with the least SD will be the topranked candidate for normalization. Calculations for the comparative ΔCt method were done using excel spreadsheet as described above. Boxplots were generated via SPSS20. For each gene set, different colors represent different "gene pairs" as shown in Fig. 3 and Table 4 .
Whereas pairwise comparison approaches focus on intragroup variation with less, if any, consideration on the intergroup variation, NormFinder (Andersen et al. 2004 ), ranks gene stability based on minimal variation of samples not only within each treatment group but also among all treatment groups. NormFinder prevents the exclusion of stable genes with different expression levels that would otherwise be ranked as one of the least stable through pairwise comparison. In addition, false-positive results associated with co-regulated genes with similar expression patterns would be avoided. Through NormFinder, a top-ranked gene would introduce the least systemic error when used for normalization. Another excel-based applet is BestKeeper (Pfaffl et al. 2004 ) that allows the analysis of ten reference gene candidates as well as target genes for many samples. For that, we excluded the six least stable genes (AMA-1, RBD-1, PMP-3, ACT-2, Ce234.1, and U18) based on geNorm, NormFinder, and delta Ct method. Its ranking is a result of a stepwise process that starts with the exclusion of genes with expressions having an SD >1. To analyze the relationship of candidate genes with one another, a series of pairwise comparisons between each pair is calculated as Pearson's correlation coefficient (r). Then, based on the most highly correlated genes, the geometric mean of the Ct values is used to calculate an index. After a pairwise correlation analysis of each candidate gene with the BestKeeper index, genes with the highest statistically significant correlation coefficient represent the most stable genes.
Results
Descriptive statistics for the expression levels of reference gene candidates Figure 1 demonstrates the expression levels of each reference gene candidate. The expression levels were calculated from the original Ct values for all samples belonging to three nicotine treatment groups (control, 20 μM, and 20 mM) across all three generations (F0, F1, and F2). 18 s rRNA, ACT-2, and TBA-1 had the least median Ct values with Ct median of 14.16, 20.39, and 20.65, respectively. Fig. 2 Top: geNorm ranking of the most stable gene candidates among all treatment groups and generations. Bottom: geNorm-based pairwise variation value (V-value) among the candidate genes. The cutoff value was 0.15. All values were below the cutoff. Hence, the combination of two reference genes is enough to be used for normalization of qRT-PCR expression levels Whereas RBD-1, ARP-6, and U18 had highest Ct values with Ct median values of 23.79, 24.77, and 25.00, respectively. However, looking at the variations in the Ct values among treatment groups and generations, it appears that the least variable genes were U18, U6, and PMP-3 with SD values of 0.49, 0.61, and 0.63, respectively. Conversely, the three most variable genes were CSQ-1, ACT-2, and U18 with SD values of 1.28, 1.29, and 1.48, respectively. Of the 16 tested genes, U18 would not be a reliable reference gene as it had the lowest and the most variable expression levels among all the samples. Additionally, ACT-2 would not be a reliable reference gene because its expression level varied greatly among different treatments and across different generations.
Generally speaking, a good reference gene should have an expression level that is in the similar range relative to the targeted genes (Cappelli et al. 2008 ). Although 18S rRNA had a relatively stable expression level, it might not be considered as a suitable reference gene because its expression is too high. Thus, simple statistical criteria based solely on numerical values may mask genomic context. More measures should be taken into account when selecting the top reference gene(s) from the candidate list for particular experimental settings. With this in mind, we took advantage of five previously established statistical approaches (geNorm, NormFinder, BestKeeper, comparative ΔCt method, and comprehensive ranking) to evaluate each individual reference gene candidate. This facilitated the final determination of more reliable reference genes for qRT-PCR normalization in C. elegans across three generations after parental nicotine exposure.
Reference gene ranking based on geNorm geNorm ranks the reference genes based on the stability value (M-value). The lower the M-value, the more stable the gene. Figure 2 clearly shows that CDC-42 and Y45F10D.4 were the most stable genes among the reference gene candidates with the least M-value of 0.198. ARP-6 (0.223), EIF3.C (0.271), and TBA-1 (0.292) had close Mvalues. The least stable genes were RBD-1 (0.542), U18 (0.603), AMA-1 (0.679), Ce234.1 (0.741), and PMP-3 (0.794). The rank of Y45F10D.4 was consistent with that of previous studies using IIS mutants, dauers, and L3 worms (Hoogewijs et al. 2008) as well as L4 worms treated with copper oxide ). However, a drastic change in PMP-3 stability index was evident as it was ranked as the least stable gene in our experimental settings. The rank of CDC-42 was consistent with that of one study (Hoogewijs et al. 2008 ), but not of another . In order to examine the minimal number of genes required for reliable normalization, the V-value for all the gene pairs was calculated and all were less than the default cutoff value (0.15) (Fig. 2) . This suggests that the introduction of a new gene was not associated with high variation in the relative expression levels. Thus, taking both indices (Mand V-values) together, it can be inferred that CDC-42 and Y45F10D.4 are enough for a reliable normalization (Fig. 2) .
Reference gene ranking based on NormFinder Based on NormFinder, TBA-1 (0.18), EIF3.C (0.22), and MDH2 (0.31) show the lowest stability values (Table 5 ) and may serve as the top five reliable reference genes. This rank was similar to that of geNorm, although the exact order was not identical. The inclusion of TBA-1, EIF3.C, ARP-6, and CDC-42 among the top-ranked genes was common to both analyses. Previous reports using the same methods placed TBA-1 and EIF3.C among the top five stable genes . As for the least stable genes, our results show that ACT-2 (0.71), U18 (0.93), AMA-1 (0.95), Ce234.1 (1.00), and PMP-3 (1.04) were ranked last. Interestingly, the lowest four genes were ordered exactly like geNorm as mentioned above. AMA-1 was also found among the least stable with other experimental conditions, but this was not the case for PMP-3 ).
Reference gene ranking based on comparative ΔCt method Comparative ΔCt method ranked TBA-1 (0.595), CDC-42 (0.606), EIF3.C (0.607), ARP-6 (0.614), and Y45F10D.4 (0.631) as the most stable reference genes among the 16 candidate genes (Table 5) . Although the order was slightly different, it was similar to the top five genes ranked in geNorm and top four genes ranked in NormFinder. On the other hand, the least stable genes were ACT-2 (0.852), U18 (1.064), AMA-1 (1.098), Ce-234.1(1.131), and PMP-3 (1.162) (Fig. 3, Table 4 ). These results were consistent with results from NormFinder and geNorm. Despite the fact that this method depends on a simpler statistical methodology, it agreed with other sophisticated approaches. Comparing our results with studies that used the ΔCt method, TBA-1, EIF3, and Y45F10D.4 were also among the more stable genes . Also, AMA-1 was of the least reliable genes for normalization, while ARP-6 and CDC-42 were among the least stable in their study ).
Reference gene ranking based on BestKeeper
BestKeeper calculations depend on two criteria to deduce suitable reference genes. The initial analysis was based on the SD values and ranked 18S rRNA (0.40), U6 (0.49), EIF3.C (0.69), TBA-1 (0.70), and ARP-6 (0.79) with the least variable expression levels (Table 3) . The results obtained from BestKeeper did not completely agree with those obtained from geNorm, NormFinder, and ΔCt method. Despite its relatively stable expression, 18S rRNA had a much higher expression level compared to other genes, and it was therefore not a good candidate. However, when considering the index based on pairwise correlation calculations (i.e., r-coefficients), Y45F10D.4 (0.989), F35G12.2 (0.986), TBA-1 (0.980), CDC-42 (0.978), and CSQ-1 (0.971) were ranked as the best (Table 3) . Taking both criteria into consideration, Y45F10D.4 and F35G12.2 had the highest (r value); however, together with CSQ-1, they had the most variable expression levels among the treatment groups and generations (SD Y45F10D.4 =0.92, SD F35G12.2 = 0.97, SD CSQ-1 =1.11). As a conclusion, the expression levels of TBA-1 (SD=0.70) and CDC-42 (SD=0.83) were relatively stable and highly correlated with the BestKeeper index at P=0.001. This result was consistent with results from geNorm and NormFinder. Additionally, TBA-1 was also among the five most stable genes ranked by BestKeeper in a previous study on L4 worms exposed to nanoparticle treatment ).
Comprehensive ranking
Taking advantage of the different angles covered by the four different statistical methods, we used RefFinder software (Xie et al. 2012 ) that accommodates all the logarithms to finally provide an overall comprehensive ranking for the stability of the 16 gene targets. As shown in Table 5 , TBA-1 (2.51), CDC-42 (2.99), EIF3.C (3.60), ARP-6 (4.24), and Y45F10D.4 (4.36) were the most stable housekeeping genes for reference genes in mutigenerational nicotine-exposed study. TBA-1 and Y45F10D.4 were also among the top five enlisted genes . On the other hand, the least stable genes were CSQ-1 (10.72), AMA-1 (10.82), PMP-3 (11.31), ACT-2 (11.61), and U18 (13.69). The stability index for CSQ-1 and AMA-1 was consistent with previous results in response to nanoparticle treatment . The radical shift in PMP-3 remained evident in the comprehensive ranking as it was of the least stable gene in our experimental settings.
Discussion
Previous studies involved in choosing reliable reference genes for qRT-PCR normalization have already been conducted in C. elegans (Hoogewijs et al. 2008; . However, none has evaluated reference genes in multigenerational investigations as a function of environmental condition. Choosing a proper reference gene remains one of the golden rules to increase the sensitivity and credibility of data interpretation. Generally, there are two types of approaches to tackle the issue: the top-bottom model is not restricted to a set of genes and starts with a highthroughput investigation from genome-wide background (e.g., microarray). On the other hand, a bottom-top model starts with a handful of genes with conserved basic roles and hypothesized to be of relatively constant expression levels (Hruz et al. 2011 ). We were interested in identifying suitable reference genes in C. elegans in response to nicotine. Nicotine is one of the major drugs of abuse with high rates of primary and secondary exposures. Here, we evaluated the expression levels of 16 housekeeping genes, including four small RNA genes, across multiple generations in response to parental nicotine exposure.
We treated C. elegans hermaphrodites (N2) with two nicotine concentrations from L1 to the beginning of L4 stage. We collected worms at L4 stage from F0, F1, and F2 generations. All the samples from the three treatment groups (control and nicotine treated) were used to investigate the expression levels of 16 selected genes. Based on our results, particularly from the comprehensive ranking, it appears that TBA-1, CDC-42, EIF3.C, ARP-6, and Y45F10D.4 were the most reliable reference genes among the 16 gene candidates. Based on outputs from the different methodologies, all except for BestKeeper considered TBA-1, CDC-42, EIF3.C, and ARP-6 as the most reliable reference genes. When considering results from all methods, including BestKeeper, TBA-1 and CDC-42 would be the most reliable reference genes in studying the transgenerational effect of C. elegans exposed to nicotine. Based on results from geNorm, the combination of two reference genes from our list is sufficient for reliable normalization. Thus, we recommend the combination of TBA-1 with any other gene of the top five genes mentioned above. PMP-3, AMA-1, and U18 were the least stable and would not be recommended to be used for normalization.
Our results partially agree with those of previous studies (Hoogewijs et al. 2008; Zhang et al. 2012) where TBA-1, CDC-42, and Y45F10D.4 were the most reliable reference genes. However, other genes, such as PMP-3, were the most reliable reference gene in other reports (Hoogewijs et al. 2008; Zhang et al. 2012 ) but were among the least stable genes in our study. This suggests that housekeeping genes are differentially affected in a context-dependent manner and that assessing potential reference genes should precede expression profile analysis.
Although reference gene-related studies are not novel, the replication of such a concept using different treatment conditions and developmental conditions is important for future meta-analyses. This allows to test whether an ideal universal reference gene exists or to further confirm the concept of condition-specific reference gene selection.
